Automatic monitoring of biodiversity by acoustic sensors has become an indispensable 1 tool to assess ecological stress at an early stage. Due to the difficulty in recognizing the 2 Amazon's high acoustic diversity and the large amounts of raw audio data recorded by 3 the sensors, the labeling and manual inspection are not feasible. Therefore, we propose 4 a new ecoacoustic index that allows us to quantify the complexity of an audio segment 5 and correlate such complexity with the soundscape's biodiversity. The approach uses 6 unsupervised methods to avoid the problem of labeling each species individually. The 7 proposed index is called the Ecoacoustic Complexity Index (ECI) and makes use of
The Pearson's correlation coefficient (r xy ) is a measure of the intensity and direction of 128 the linear relationship between two signals x and y. The autocorrelation coefficient r xx 129 has a similar interpretation, but instead of using two different signals, it uses a version 130 of the same signal shifted by τ units. For instance, if τ = 1 then r xx quantifies the 131 strength of the association between x i and x i+1 [19] . 132 Let X = {x 1 , x 2 , . . . x N } be the acoustic signal of length N at the sensor input; the 133 unbiased autocorrelation coefficient r xx is defined as:
where N ,x, and s are the length of x, the sample mean, and the sample standard 135 deviation, respectively. Here, the maximum value of τ must satisfy the condition 136 τ max N /2. This equation may also be referred to as the Autocorrelation Function 137 (ACF).
138
Given a maximum τ max value, the autocorrelation matrix R xx can be formed as a 139 Toeplitz matrix, or diagonal-constant matrix, with shape [20] :
where r xx (0) = 1.
141
These autocorrelation coefficients are efficiently calculated by the Fast Fourier 142 Transform (FFT) algorithm. Regardless of how they are obtained, it is well known that 143 these coefficients carry information about the signal's main frequencies. Therefore, we 144 can consider them spectral features that accurately describe ecoacoustic signals. For 145 more details on this, please refer to S1 Appendix. 146 Entropy methodology 147 The Von Neumann entropy was defined by 1927 for quantum measurement 148 processes [21] . It has a fundamental role in studying correlated systems. This
149
Information Theory quantifier is defined as the normalized Shannon entropy (H) of the 150 singular spectrum as:
where λ i are the eigenvalues of a given R xx matrix. It is worth mentioning that, the 152 denominator term τmax i λ i normalizes the eigenvalues values between 0 ≤ λ i ≤ 1. when the signal is purely deterministic, the entropy tends to its minimum H[P ] ≈ 0. As 192 the complexity function is concave, we find the maximum complexity value between the 193 two extremes of H[P ], as illustrated in Fig. 1a . 194 In some specific situations, two or more different signals may have singular spectra 195 with the same entropy. For instance, consider the three points p 1 , p 2 , and p 3 depicted in 196 Fig. 1b . In these cases, divergence plays a key role in helping to separate their 
Results

213
In this section, we will analyse the ECI computed from our experiments in the field.
214
Characterization of reference samples 215 Sueur et al. [4] made publicly available seven signal records specifying the acoustic 216 richness of each one according to their index. Thus, we can use them as references and 217 investigate the characteristics of these signals through the ECI. This allows us to 218 validate and compare the proposed index. entropy values. The ECI provided deeper information, as we realized that the increase 222 in entropy may be a consequence of both: the cricket's chirping (or other insects) or a 223 raise in environmental noises. Thus, ECI will not just label those samples with high biodiversity richness, but it will provide more information about them. Take, for patterns, and therefore the smallest complexity and entropy. One has to understand the 232 role of τ in the HxC plane. A small value of τ results in a low-discriminant plane, being 233 difficult to visualize the differences among signals. A high value of τ , on the other hand, 234 will divide the main frequencies captured by the auto-correlation matrix into several 235 groups. Thus, there is a trade-off when tuning τ .
236
One of the advantages of using Jensen-Shannon divergence is that we can quantify 237 the difference between two arbitrary signals. Thus, we can make peer-to-peer 238 comparisons between a given signal and a reference signal from another soundscape or 239 between signal variations of the same soundscape at different times. The matrix of indicates that the greater the divergence between the signals, the stronger the blue color. 242 It is worth noting that there is a correspondence between the distance of the points in 243 the complexity plane and their divergences. For instance, the greatest divergence is 244 obtained by comparing the singular spectra of s 16 and s 19 , which are the farthest points 245 in the HxC plane. A similar observation holds when comparing points s 16 and s 18 .
246
Although the position of the points in the HxC plane uses the uniform distribution as a 247 reference, the dissimilarity between them has a correspondence with the divergences of 248 the signals; that is, the closer the points are in the HxC plane, the greater is their 249 ecoacoustic similarity. Fig. 3a shows the complexity 268 plane for τ max = 512, where the 43348 segments were represented as ECI points.
269
According to our methodology, points with greater complexity should exhibit a greater 270 acoustic richness. Therefore, to illustrate the behavior of the proposed index, three 271 extreme points were arbitrarily chosen: s 1 , which has low entropy and low complexity; 272 s 2 , with medium entropy and high complexity; and s 3 , with high entropy and 273 complexity lower than s 2 but greater than s 1 . For each of these points, we plot their 274 singular spectrum (Fig. 3b ), the ACF given by the equation 1 (Fig. 3c ) and their PSD 275 spectrograms (Fig. 3d ). From top to bottom we have s 1 , s 2 , and s 3 , respectively.
276
We can verify in Fig. 3b that ecoacoustic signals with few components and Fig. 3d ). We verified that this recording corresponds to rain sound without disturbance 285 of animals. As we expected, s 1 is very close to the curve of environmental colored noises 286 with α ≈ 2. Additionally, the ACF of s 1 produces the singular spectrum shown in the 287 upper plot of Fig. 3b , which justifies its low entropy value.
288
A similar analysis can be made about s 2 and s 3 . In the case of s 2 , the ACF plot 289 shows short-and medium-range correlations, with a spectrogram richer in different 290 acoustic patterns (middle plot in Fig. 3c ). Such ACF produces the singular spectrum 291 shown in the third plot of Fig. 3b . The distribution of the eigenvalues of this singular 292 spectrum returns an average entropy value, but its divergence tends to be maximum, 293 thus justifying the high ECI. From its spectrogram, we also note that there is a 294 low-energy ambient noise spread in a few frequency bands. We verified that this 295 recording has high acoustic richness, containing calls of at least four different bird 296 species, two frog species, and some insects. emphasizing the presence of approximately white noise, which helps break weak 302 correlations of signal components. As we know, uncorrelated noise signals tend to have 303 an approximated flat singular spectra increasing their entropy value, a fact that can be 304 seen in the lower plot of Fig. 3b . In the bottom spectrogram of Fig. 3d , we observed Fig. 4a shows the 318 complexity of each segment within three half-hour periods in a plane with τ max = 512, 319 from where we can verify that there was an entropy increase in the period between 320 03:00 and 03:30 AM (green dots). This may be related to an increase in environmental 321 noises, the intense acoustic activity of insects, and other environmental factors, and also 322 a decrease of birds, amphibians, and other animal calls with daytime habits, causing a 323 lower acoustic diversity. Also, the interval corresponding to 12:00 and 12:30 pm (blue 324 dots), presents few high ECI values and at the same time shows extreme dots with low 325 entropy, this is probably due to two factors: 1) the acoustic activity of some animals 326 with daytime habits combined with insects, such as cicadas, which increases entropy, 327 and 2) the regular rainfall at this time of day during the monitoring period, which 328 decreases entropy. Lastly, we have the interval between 07:00 and 07:30 AM (red dots), 329 which presents the highest ECI values and few dots shifted slightly to the left of the 330 plane, this may be a consequence of a higher acoustic activity of birds at dawn. The complete characterization of acoustic richness variations every one hour of the 332 day can be better appreciated in Fig. 4b . This figure shows the centroids and their 333 respective scatter bars for each sample group at each hour of the day. As we expected, 334 the horizontal bars are always larger than the vertical bars due to the shape of the HxC 335 plane. Comparing the different groups, we can see which periods of the day present the 336 greatest ecoacoustic dispersion (e.g. 12 pm). Interestingly, at sunset (e.g. 5 pm) the 337 highest ECI values are achieved with a smaller dispersion, which suggests that there is 338 an intense acoustic activity with less perturbation of environmental phenomena at this 339 time. The second key time is dawn (e.g. 7 am) in which it is known that there is a 340 greater acoustic activity of morning birds. Points 21, 22 and 23 are relatively close, and 341 as described in the previous sections, near points in the plane have histograms with low 342 divergence caused by similar acoustic patterns.
343
Looking at the spatial centroid's distribution in Fig. 5 , we also noticed that before 344 dawn (e.g. 3 am) the acoustic activity of the birds, anurans and other species is lower, 345 giving rise to greater insect activity such as cicadas, a fact that increases entropy. 346 Finally, we can see groups of centroids with similar characterizations (near location and 347 comparable dispersion), for example, the set {06h, 07h, 08h, 15h, 16h, 17h, 18} or 348 {05h, 09h, 10h, 12h, 13h, 14h}. Such centroid variations are better depicted in Fig. 5 .
349
This figure presents the ECI variation with a half-hour resolution, where we can notice 350 two peaks of maximum acoustic activity, at 07:00 and 17:00, a fact that matches the 351 knowledge of the experts about soundscapes of the Mamirauá region.
352
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Rainfall sound characterization 381
Environmental phenomena are also captured by the sensor microphone. Consequently, 382 environmental sounds can also be characterized in the HxC plane. We know that these 383 phenomena, for instance, the sound of the rain, have a frequency spectrum known as 384 colored noises. This is the main reason why we included the simulation of this type of 385 noise, generating the blue reference curve in Fig. 8a The period of days in which the monitoring was performed is considered to be within 387 the dry season of the Amazon [28] . However, on September 2, 2016, there was a slight 388 amount of rainfall during the interval between 11:00 and 11:30 am. Only the acoustic 389 samples corresponding to this day are illustrated in the HxC plane of Fig. 8a . Here, the 390 red dots correspond to a half-hour interval starting at 11:00 am. During this interval curve. In this same time interval, both entropy and complexity decreased abruptly, as 393 can be seen in Fig. 8b . The left shift of the red dots in the HxC plane causes a 394 considerable increase in the variance of the information quantifiers, as indicated by the 395 confidence interval on the red bar. After the rain stopped, the entropy quickly recovered 396 a high value, while the complexity still took time to increase. For those with field 397 experience, it can be seen that after a storm the forest is silent for a few minutes, 398 recovering acoustic activity first by insects, which increases entropy, and then with birds 399 and other animal species, ultimately increasing ecoacoustic complexity. Unfortunately, 400 we do not have detailed rainfall records of the monitored location on these dates.
401
However, the recorded audios were hand-inspected by a specialist who heard and 402 confirmed rain sound at the mentioned time period.
403
Discussion
404
In previous sections, we presented the theoretical bases and some evidences that 405 support the composite index of ecoacoustic complexity. Our main challenge was to 406 make this index sensitive to bioacoustic diversity while differentiating among 407 environmental phenomena. Thus, the physical interpretations characterized by the HxC 408 plane contribute to the understanding of the system dynamics of the Amazon 409 soundscape. It is worth noting that the ECI, in our specific experiments, characterized 410 the region covered by the sensitivity of the sensing device (or microphone).
411
With characterization analysis using the complexity plane, we found that the greater 412 the acoustic diversity, the greater the complexity. In the HxC plane, vocalizations of 413 species that have regular spectral-temporal patterns balance entropy, whereas species 414 with irregular calls -with a greater number of different patterns -tend to increase 415 entropy. The presence of insects can also be observed through the ECI. We realize that 416 insect choral singing, like cicadas, increases entropy for they are similar to 417 high-frequency uncorrelated noise, typically between 5 and 8 kHz. Thus, the increase in 418 entropy caused by insects of the same species generally decreases the complexity 419 indicating less diversity, regardless of how many individuals the coral has, if they are of 420 the same species then the diversity is smaller and consequently the ECI should decrease 421 as noted. Although insects' sound increases entropy, their characterization is very 422 important, for they support the life of other species.
423
The temporal analysis presented above shows that there is a regularity of the 424 soundscape between hours of the day and between monitoring days captured by ECI. As 425 expected, from Fig. 5 and Fig. 6 we noticed a greater daytime acoustic activity. Fig. 5 426 highlights two high ECI peaks at dawn and dusk, characterizing the hours of the day 427 with greater intensity and acoustic diversity, which is a characteristic behavior of birds 428 and frogs in the Amazon rainforest. As shown in Fig. 6 , this characteristic behavior is 429 almost regular between consecutive days. Short-and long-term environmental 430 phenomena are also well characterized by ECI. Short-term sporadic phenomena, as 431 verified by the rain example, can be recognized with our approach. In this example, the 432 low-frequency rain sound -characterized as colored noises -decrease entropy and 433 complexity, whenever not disturbed by other sounds, generating HxC points close to the 434 color noises reference curve (Fig. 8) . With regard to the long-term environmental 435 phenomena, such as the hydrological cycle, there is also a different characterization of 436 samples in the HxC plane for different seasons. Mamirauá is a floodplain area with a 437 season of the year completely flooded. This change in landscape alters the dynamics of 438 the species and hence, the soundscape, as was characterized in Fig. 7 . 
